Abstract: Densities of single and multiple macro-and micronutrients were estimated in the mature kernels of 1348 accessions in 13 maize genotypes. The germplasm belonged to stiff stalk (SS) and non-stiff stalk (NS) heterotic groups (HGs) with one (S1) to four (S4) years of inbreeding (IB), or open pollination (OP), and with opaque or translucent endosperm (OE and TE, respectively). Indices were calculated for macronutrients (M-Index), micronutrients (m-Index) and an index based on Fe and Zn densities (FeZn-Index). The objectives were to (1) build predictive models and quantify multivariate relationships between single and multiple nutrients with physical and biochemical constituents of the maize kernel; (2) quantify the effects of IB stages and endosperm textures, in relation to carbon and nitrogen allocation, on nutrients and their indices; and (3) develop and test the utility of hierarchical multi-way classification of nutrients with kernel color space coordinates. Differences among genotypes and among IB stages accounted for the largest amount of variation in most nutrients and in all indices, while genotypic response to IB within HGs explained 52.4, 55.9, and 76.0% of variation in the M-Index, m-Index, and FeZn-Index, respectively. Differences in C and N allocation among HGs explained more variation in all indices than respective differences in allocation among endosperm (E) textures, while variation decreased with sequential inbreeding compared to OP germplasm. Specific color space coordinates indicated either large macronutrient densities and M-Index, or large micronutrient densities, m-Index, and FeZn-Index. These results demonstrated the importance of genotypes and the C:N ratio in nutrient allocation, as well as bivariate and multiple interrelationships.
Introduction
Human manipulation of carbon and nitrogen partitioning, such as the selective concentration of carbohydrates and storage proteins in larger kernels of maize (Zea mayz L.) during domestication from its wild progenitor [1] , is evident from the earliest examples of crop domestication [2] . This process was concomitant with the manipulation of key physical, biochemical, and nutrient traits of the maize kernel [3] . Besides being critical factors that can affect the early development and vigor of maize seedlings, these traits have been exploited by traditional [4] and advanced breeding and selection methods in developing crop cultivars with high food and feed nutritional quality [5] . Nutrient densities in plant seeds are critical to the life cycle of plants as well as to human and animal nutrition. Recent research-based evidence indicated that abiotic stresses trigger shifts of the ionome of plants exposed to elevated CO 2 and drought [6, 7] and may compromise future nutrient availability.
In grain crops, such as maize, the mature seed represents a distinct developmental end point that summarizes the life history and genetic composition of a particular genotype [8] . However, nutrients are not distributed uniformly throughout the seeds of grain crops: some elements are concentrated
Kernel Color Analyses
The three-dimensional red-green-blue color space dimensions of 10 kernels, each from 1348 samples, were captured using single lens reflex Nikon 5000 (12.30 megapixel resolution) camera, and then used to estimate their L*a*b* color space (darkness-lightness L*, redness-greenness a*, and yellowness-blueness b*) coordinates according to the recommendations of the Commission International de l'Eclairage [28] .
Statistical Analyses
A relational database was constructed from physical, biochemical, nutrient, and color space coordinate data on each of the 1348 accessions, including nine NS and four SS genotypes, each with O or T endosperm texture, except Mo42-N220A with only OE texture. The [nutrient] (mg kg −1 ) portion of the database included macronutrients (C, Ca, K, Mg, N, P, and S), and micronutrients (Cu, Fe, Mn, and Zn). The C:N ratio was calculated and used as a factor or covariate in statistical analyses of nutrients. Raw data for each variable was inspected for outliers and normality; appropriate transformation(s) were carried out when indicated by a significant (p < 0.05) SW-W (Shapiro-Wilk Statistical) test and before conducting statistical tests, and then back-transformed for statistical reporting. Three indices were developed using normalized means of macronutrients (M-Index), micronutrients (m-Index), and one based on Fe and Zn densities (FeZn-Index). The restricted maximum likelihood method of variance estimation (REML) procedure was used to estimate variances in variance components analyses, and correlation coefficients between normalized nutrient densities, thus presenting more realistic indicators of these associations. Basic statistics and mean separation between genotypes were calculated for each nutrient and index using one-way ANOVA (Analysis of Variance) and Duncan's multiple range test (DNMRT; p < 0.05).
Variance Components Estimation
A correlation matrix was developed between all 11 nutrients in each HGE combination which was then subjected to 2-way hierarchical clustering and factor analysis using the REML method for variance estimation. Correlation coefficients between each nutrient in all four GHEs and each of the three indices (M-Index, m-Index, and FeZn-Index) were developed and tested for significance (p < 0.05). Canonical discriminant analysis was performed on a matrix of physical and biochemical kernel traits to identify the variables and to what extent they can be used to correctly classify the four HGE combinations (i.e., non-stiff stalk with opaque endosperm (NSO), non-stiff stalk with translucent endosperm (NST), stiff stalk heterotic group with opaque endosperm (SSO), and stiff stalk heterotic group with translucent endosperm (SST)).This analysis also aimed to determine how positive or negative nutrient loadings on the first (Root 1) and second (Root 2) canonical roots in relation to centroids of each HGE group determine non-dimensional distances (squared Mahalanobis distance, D 2 ) between these groups [29, 30] .
A mixed model, with fixed (heterotic group (HG), endosperm (E), IB, and genotype (G)), and random (E(HG), G(HG), IB(HG), and G × IB(HG)) factors, as well as covariates based on kernel physical traits (K-weight, K-density, and K-volume), and biochemical constituents (C:N, amino acids, protein, starch, moisture and oil) was utilized for analyzing each nutrient and index. The REML was used on transformed data in all variance component analyses. Univariate R 2 estimates were reported for a fixed factor if its effect was significant (p < 0.05); percent variation explained by each random factor was reported if it was significant (z < 0.05), and the R 2 value from a polynomial regression was reported for each covariate if the linear (β1) or quadratic (β2) values (or both) were significant (p < 0.05).
The C:N ratio was used to predict nutrients in each HGE and IB group; then secondary statistics predicted by regression models (i.e., response, and residual mean squares error estimated by the partial least squares regression model (RMSE)) were contrasted with those based on measured data (i.e., mean and S.D.) using a paired t-test. Both regression coefficients (β1 and β2) were tested for significant differences from zero, and the adjusted R 2 value derived from the quadratic regression equation was tested for significant differences from zero and from 1.0 using the appropriate t-test.
Centered and scaled coefficients for each macronutrient were extracted from a partial least squares regression (PLSR) model used to predict the m-Index the HG, E, HGE, IB, and G; the measures (mean and S.D.) were contrasted with estimates predicted by the PLSR model (response and RMSE). Another set of PLSR models was developed to assess the relationship between each of the kernel color space coordinates (L*, a*, and b*) for each nutrient and the index in genotypes within the NS and SS heterotic groups. The PLSR validation coefficient of determination (Q 2 Y) was reported if the model was significant (p < 0.05). In each case, values of R 2 and Q 2 , commonly quoted as descriptors of a multivariate model, represent the percentage of variation within a data set that can be explained by the model, often referred to as a measure of fit (R 2 ), and percent variation of the response predicted by the model (Q 2 Y; i.e., how accurately a model can be expected to predict new data), respectively, according to cross-validation [31] .
The output matrix (1348 rows and 215 columns) from color space coordinates was inspected for the magnitude of variance per column and the significance of its correlation with the density in mg kg −1 of a nutrient (hereafter referred to as [nutrient] density). A final matrix of a set of 2190 correlation coefficients between the [nutrient] density and the L* (59), a* (37), and b* (50) coordinates was used in further statistical analyses. The data matrix was analyzed at four successive stages using hierarchical two-way clustering of correlation coefficients between [nutrient] density and all L*a*b* coordinates, and individually with each set of L*, a*, and b* coordinates. Then, the frequency distribution for the r-estimates was developed for each clustering stage. A pseudo-F value was used in each case to determine the maximum number of statistically different (p < 0.05) clusters for a maximum number of variables, and then the linkage distances (%) were documented.
Nutrient Indices
Three interrelated indices were computed for each HGE and for the genotypes within each group. The macronutrient (C, Ca, K, Mg, N, P and S) index (M-Index) and the micronutrient (Cu, Fe, Mn and Zn) index (m-Index) were calculated as the normalized values of total macronutrient and micronutrient densities (mg kg −1 ), respectively; a third index (the FeZn-Index) was calculated from the combined densities of Fe and Zn. All indices were subjected to ANOVA and mean separation (DNMRT; p < 0.05) between GHEs, between genotypes within each HG, and between the OE-and TE-based indices of genotypes within HGs. They were then subjected to variance component analysis using kernel physical, biochemical, and color attributes as covariates. The R 2 values (explained variance) derived for this analysis were subjected to 2-way hierarchical clustering at the HGE, HG, and G levels; then the frequency of significant (p < 0.05) R 2 for each variable and grouping was determined. Where applicable, summary statistics and their associated significant indicators are reported in the results without details. Relevant modules in JMP 13 Pro [29] , and TIBCO Statistica [30] were used in data processing, analyses and visualization.
Results
Basic statistics and a wide range (18.0-50.0%) of percent significant pairwise differences (p < 0.05) between 13 maize genotypes for kernel nutrient densities (mg kg −1 ) classified into four HGEs and based on 1348 maize accessions are presented in Table 1 . Mean macronutrient density (mg kg −1 ) was dominated, in decreasing order, by [K, P, Mg and S] densities, whereas [Fe and Zn] densities dominated for micronutrients. Four macronutrients [K, P, Mg and S], in decreasing order, accounted for 91.0% of total [nutrient] densities in this germplasm. Coefficient of variation (C.V.) was larger for micronutrients (16.0-36.0%) as compared to macronutrients (4.0-16.1%). The Shapiro-Wilk Statistical test of normality (i.e., SW-W was significant for all nutrients, except Mg and P. Two nutrients (N and S) were negatively skewed, while the remaining nutrients were positively skewed. Summary statistics based on ANOVA and mean separation (DNMRT; p < 0.05) indicated that more significant pairwise differences for macronutrients (32.3%) existed between genotypes as compared to micronutrients (26.5%) or the FeZn-Index (23.0%). The largest (50%) and smallest (23%) values were recorded between genotypes for [K and C] densities, respectively, whereas the respective values for micronutrients were 35% for Mn and 19% for Zn densities. The M-Index (0.78 ± 0.05; C.V. = 6.0%) differed (p < 0.05) from the m-Index (0.61 ± 0.07; C.V. = 11.0%), and from the FeZn-Index (0.63.0 ± 0.07; C.V. = 11.0%).
Variance Components
The effects of fixed and random factors and covariates on macro-and micronutrients are shown in Table 2 . The univariate significant (p < 0.05) R 2 estimates due to fixed factors (i.e., HG, E, IB, and G) on macronutrients ranged from 1.8% of E on Mg to 56.9% of G on K density; the respective values for micronutrients were 1.5% for HG on Mn and 54.4% for G on Cu density. The only non-significant effects were those for HG for all macronutrients, and E for both Ca and S densities. The effects of IB and G on macro-and micronutrients were, in general, larger than those of HG and E. Significant (z < 0.05) total variation explained by random factors (i.e., nested E, G, IB within HG; and G × IB nested within HG) ranged from 45.3% S to 76.7% K density for macronutrients, and from 50.8% Mn to 70.1% Cu density for micronutrients. The largest percent variation explained by E(HG) in macronutrients was 12.2% for Mg density and in micronutrients it was 16.2% for Cu density. The respective values for G(HG) were 46.3% K and 44.2% Cu densities, for IB(HG) the respective values were 31.2% N and 15.2% Fe, and for G × IB(HG) these values were 47.7 P, and 42.6% Mn densities.
Significant covariate effects (R 2 ) on macro-and micronutrients were presented (Table 2 ) if linear (β1), quadratic (β2), or both regression coefficients were significant (p < 0.05). Biochemical constituents of the maize kernel had positive (32%) or negative (32%) linear effects on macronutrients, while 23% and 11% of their quadratic effects were positive and negative, respectively. The largest negative effects on macronutrients were those of the C:N ratio, followed, in decreasing order, by starch and K-moisture. Starch and C:N ratio, in particular, had negative linear and quadratic effects on [Ca and N], respectively. Protein and amino acid contents generally had positive effects on most macronutrients; whereas oil content had the smallest negative effects on a few [Ca, N and S] macronutrients. Kernel biochemicals had almost equal positive (28%) and negative linear effects (29%) on micronutrients. Protein, amino acid (lysine, methionine, cysteine), and oil contents had positive effects on all micronutrients, while the remaining biochemicals had negative linear effects. Kernel physical attributes mainly had negative effects on all macronutrients, except N, while both negative linear and positive quadratic effects were observed for micronutrients. Kernel density was the only attribute with significant negative linear and quadratic effects on all micronutrients. None of the kernel physical attributes affected S estimates, while estimates of Fe, Mn and Zn were not affected by K-volume.
All fixed factors had significant effects on the M-Index and m-Index, as indicated by significant R 2 estimates. Both G and IB, in decreasing order, had larger effects on both indices than HG and E. All fixed factors, except E, had significant effects on the FeZn-Index; while all random factors accounted for some variation in each of the three indices, with two exceptions ( Table 2 ). The largest portion (41.3%) of total variation (76.0%) in the FeZn-Index was attributed to G × IB(HG); it was larger than variation explained in the M-Index (52.4%), or the m-Index (55.9%). However, effects of individual random factors differed among these indices. The G × IB(HG) accounted for the most variation in the M-Index and FeZn-Index, while G(HG) accounted for most of the variation in the m-Index.
Covariate effects on all indices mirrored, to a large extent, their effects on the respective nutrients used in their estimation. The C:N ratio had a significant negative effect on all indices; protein and amino acids had positive linear and quadratic effects on all three indices with large R 2 estimates; and starch and K-moisture had parallel and significant negative linear and positive quadratic effects on all but the FeZn-Index. K-density was the only physical trait with negative linear and quadratic effects on all indices, while oil had a negligible positive effect on the m-Index.
Physical, biochemical, and color space coordinates discriminated between HGEs with 74.5% correct classification, and in two discriminant roots, accounted for 96.0% of total variation (Figure 1 ). Percent correct classifications of HGEs were 66.0 (NSO), 65.0 (NST), 93.0 (SSO), and 74.0% (SST). Positive loadings of K-density, K-volume, b*, L*, a*, and K-moisture, in decreasing order, and negative loadings of starch, protein, K-weight and amino acids, in decreasing order, accounted for 57.0% of total variation and separated the SSO from the remaining HGEs along Root 1, while Root 2 accounted for 39.0% of total variation and separated the SSO and NSO from the SST and NST. All D 2 values were significant (p < 0.05); the largest D 2 (33.0) was found between the NSO and SSO, followed, in decreasing order, by D 2 between the NST and the SSO (27.9), between the NST and NSO (24.0), between the SST and SSO (18.2) , between the SST and NSO (12.4) , and between the NST and SST (6.0).
The association in each root between centroids and loadings of physical attributes, biochemical constituents, and nutrients, suggested that accessions within the SSO have larger values for those attributes and constituents with negative loadings on Root 1 and Root 2. Accessions of the NSO, NST, and SST, in decreasing order, have larger values of kernel attributes and constituents with positive loadings on Root 1. The same reasoning can be applied to loadings on Root 2. Nutrients in accessions within each HGE clustered around its centroid in accordance with its percent correct classification. The association of a few nutrients (e.g., [C and K] in NST, NSO and SST) with their HGEs centroids was weaker than most nutrients; thus contributing to smaller percent correct classification of HGEs.
total variation and separated the SSO from the remaining HGEs along Root 1, while Root 2 accounted for 39.0% of total variation and separated the SSO and NSO from the SST and NST. All D 2 values were significant (p < 0.05); the largest D 2 (33.0) was found between the NSO and SSO, followed, in decreasing order, by D 2 between the NST and the SSO (27.9), between the NST and NSO (24.0), between the SST and SSO (18.2) , between the SST and NSO (12.4) , and between the NST and SST (6.0). Variance, explained by two canonical discriminant roots based on loadings of kernel physicalbiochemical constituents and color space (L*, a*, and b*) coordinates, along with a scatter diagram of [nutrients] estimated in kernels of 1348 maize accessions used in a breeding program for protein quality (see list of abbreviations) is also shown. Misclassified accessions: 34% of the NSO were misclassified as NST (24%) and SST (10%); 35% of the NST were misclassified as N (5%) SO (30%) and SST; 7% of the SSO were misclassified as SST; and 26% of the SST were misclassified as NST (20%) and NSO (10%). NSO: non-stiff stalk with opaque endosperm; NST: non-stiff stalk with translucent endosperm; SSO: stiff stalk heterotic group with opaque endosperm; SST: stiff stalk heterotic group with translucent endosperm.
The association in each root between centroids and loadings of physical attributes, biochemical constituents, and nutrients, suggested that accessions within the SSO have larger values for those attributes and constituents with negative loadings on Root 1 and Root 2. Accessions of the NSO, NST, and SST, in decreasing order, have larger values of kernel attributes and constituents with positive loadings on Root 1. The same reasoning can be applied to loadings on Root 2. Nutrients in accessions within each HGE clustered around its centroid in accordance with its percent correct classification. The association of a few nutrients (e.g., [C and K] in NST, NSO and SST) with their HGEs centroids was weaker than most nutrients; thus contributing to smaller percent correct classification of HGEs. Misclassified accessions: 34% of the NSO were misclassified as NST (24%) and SST (10%); 35% of the NST were misclassified as N (5%) SO (30%) and SST; 7% of the SSO were misclassified as SST; and 26% of the SST were misclassified as NST (20%) and NSO (10%). NSO: non-stiff stalk with opaque endosperm; NST: non-stiff stalk with translucent endosperm; SSO: stiff stalk heterotic group with opaque endosperm; SST: stiff stalk heterotic group with translucent endosperm.
Single and Multiple Nutrient Associations
Variance (R 2 ) explained by kernel physical, biochemical, and color space coordinates, in the M-Index and the m-Index for each genotype with OE or TE and classified into the SS or NS heterotic groups, ranged from 0.001 to 0.63 ( Figure 2 ). Four clusters (p < 0.05) were delineated at the 40% linkage distance (Y-axis). Cluster (1) was composed of amino acid, starch, and protein values, cluster (2) joined oil and b* values, cluster (3) was composed of K-moisture, K-density, and K-volume values, and cluster (4) joined K-weight, L*, and a* values. The 50 combinations of genotypes-indices-endosperm textures were separated into several color-coded clusters based on similarities of R 2 estimates (X-axis). The 40% linkage distance delineated six (p < 0.05) clusters; the smallest (4) was composed of the genotype LH119-AR16035, while the largest (6) had 23 combinations of M-Index and m-Index under HGE. The clustering procedure resulted in uniform or mixed grouping of genotypes within HGEs. Both of the genotypes (GQ-N16-N12 and Nokomis Gold) formed uniform clusters across HGs, but not E types. Others were separated among two (e.g., NG-Mo508-Mo506), three (e.g., 1895-DK212-N11a), or four clusters (e.g., DKXL370-S11). Clustering distance (from the origin) was the largest for GQ-N16-N12 and the smallest for two genotypes (1895-DK212-N11a and AR16021-B73), while LH119-AR16035, for example, formed a single cluster. The hierarchical classification of genotypes within HGEs and results of statistical tests indicated that the percentages of significant R 2 values (>5%) for both indices were equal (48.0%). However, slight differences were found between R 2 (p < 0.05) values of OE (51.0%) and TE (44.0%) textures, and between the NS (49.0%) and SS (46.0%) HGs. The largest differences, however, were attributed to protein, amino acids, and starch with the largest (>0.96%) R 2 , followed, in decreasing order, by K-moisture (54.0%) and K-weight (42.0%), oil% (38.0%), b* (30.0%), K-density (26.0%), K-volume (0.20%), and then L* and a* with 10.0% each.
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The weighted average of the M-Index for all genotypes and HGE groups was 0.74 ± 0.08. The SSO genotypes had the largest mean M-Index (0.79), differing (p < 0.05) from the following M-Index Figure 3 . Box-plots and mean separation between average indices of macronutrients (A), micronutrients (B), and the (Fe + Zn): micronutrient Index ratio (C) (i.e., variables) based on normalized nutrient densities in kernels of 1348 maize accessions used in a breeding program for protein quality. Means of the NSO, NST, SSO, and SST followed by the same letter in (A-C) do not differ significantly (p < 0.05); genotypic means within NSO, NST, SSO, or SST (individually), followed by different capital letters differ significantly (p < 0.05), and means of the same genotype with opaque or translucent endosperm followed by different small letters, differ significantly (p < 0.05).
The weighted average of the M-Index for all genotypes and HGE groups was 0.74 ± 0.08. The SSO genotypes had the largest mean M-Index (0.79), differing (p < 0.05) from the following M-Index of the NSO (0.75), which also differed (p < 0.05) from M-Indices of both the NST (0.73) and the SST (0.73) ( Figure 3A) . Mean M-Indices of four and six genotypes for the NSO and NST were above the average of their respective HGE means, respectively, whereas one and three genotypes had above average M-Indices for the SSO and SST, respectively. Mean M-Indices for individual genotypes of the NSO were separated into two (p < 0.05) groups as indicated by capital letters below their boxplots (DNMRT; p < 0.05), whereas their NST counterparts were separated into five (p < 0.05) groups. The number of (p < 0.05) groups of genotypes was three each for SSO and SST. Genotypes in the SSO, with the largest M-Index (0.79), differed (p < 0.05) from their translucent counterparts (SST) which had the smallest M-Index (0.73). Three NSO genotypes (1895-DK212-N11a, DKXL888-N11a-N17 and LH82-AR16021) had larger (p < 0.05) M-Indices than their NST counterparts, whereas the same was observed for AR16021-B73 and LH119-AR16021 in the SSO as compared to their SST counterpart.
The weighted average of the m-Index for all genotypes and HGEs was 0.65 ± 0.11; the mean m-Index of SSO (0.75) was larger (p < 0.05) than for NSO and SST (0.65), while the m-index of NST (0.60) was (p < 0.05) smaller than the rest ( Figure 3B) . Genotypes of the NSO and NST were separated into four and five (p < 0.05) groups, respectively, whereas all four genotypes within each of the SSO and SST groups differed (p < 0.05) from each other. Differences between three genotypes of NSO (1895-DK212-N11a, DKXL888-N11a-N17 and LH82-AR16021) from their NST counterparts were significant, while all genotypes but one (DKXL370-S11) in the SSO differed (p < 0.05) from their SST counterparts.
Numerically, descriptive statistics of the FeZn-Index ( Figure 3C ) resembled those of the m-Index. Summary statistics indicated that the weighted average of FeZn-Index for all genotypes and HGE groups was 0.66 ± 0.11. The mean FeZn-Index of SSO was the largest (0.76) and differed (p < 0.05) from SST (0.66) and NST (0.66), both of which differed significantly from NST (0.61). Genotypes of NSO and NST were separated into five groups each (p < 0.05), whereas all four genotypes within SSO and SST differed from each other (p < 0.05). Three genotypes for NSO (1895-DK212-N11a, DKXL888-N11a-N17, and LH82-AR16021) and for SSO (AR16021-B73, CHIS740-S14-S12, and LH119-AR16035) differed (p < 0.05) from their NST and STT counterparts, respectively.
Modeling Effect of C:N Allocation
Variance (adjusted R 2 ) estimates due to β1 and β2 values of C:N on macro-and micronutrients and their indices for HGEs ranged from 0.0 for Cu in SSO to >0.90 for S densities (Table 3 ). All β1 values were negative (p < 0.05) except for Cu in SSO and [Cu and K] densities in SST, whereas all β2 values, regardless of OE or TE texture, were negative for SS and positive for NS. Both sets were significant (p < 0.05), except for Fe and Zn in the SST, and Ca densities in NS, regardless of OE or TE texture. Most β1 values differed (t < 0.05) from zero, except [Cu and K]. Meanwhile, β2 values for [Ca, Cu, Mg, Mn, P, K, S, and Zn] densities, as well as those for the M-Index and m-Index, did not (t > 0.05). In addition, R 2 estimates for [Cu and Fe] densities, and m-Index were not different (t > 0.05) from zero, while all R 2 estimates differed (t < 0.05) from 1.0.
Summary statistics suggested that the overall "Mean" and "Response" estimates were positively correlated (r > 0.90; p < 0.001) and, on average, both were negatively correlated with β1 (r = −0.66; p < 001). Also, S.D. and RMSE were correlated (r = 0.88; p < 0.001); S.D. was only correlated with β1 (r = −0.57; p < 0.001), while RMSE was equally correlated with β1 and β2 (−0.34; p < 0.02). Both coefficients were negatively correlated (r = −0.51; p < 0.001), hence the negative (p < 0.05) correlation between β1 (r = −0.43; p < 0.05), but not β2 (r = 0.24; p > 0.05) with R 2 .
In addition, differences (p < 0.002) in R 2 were found between SS (0.34) and NS (0.59), but not between OE (0.51) and TE (0.43) textures (p < 0.38). However, when HGEs were considered, the R 2 for NST (0.62) and NSO (0.57) differed (p < 0.01) from SST (0.24), but not from SSO (0.44), which in turn did not differ from NSO or NST. The R 2 estimates for genotypes ranged from 0.09 for Cu, to 0. On the other hand, differences (p < 0.05) between OE and TE textures were limited to S.D. for Ca (54.4 and 43.7), R 2 for Cu (0.01 and 0.17), SD for Fe (3.5 and 3.9), and mean K (3680 and 3520). The estimated M-Index and m-Index averages for NS (0.745 ± 0.02; and 0.628 ± 0.04, respectively) were (p < 0.05) smaller than the respective SS (0.763 ± 0.02; and 0.705 ± 0.04) estimates; however, the respective R 2 values were not different. Means followed by the same letter do not differ significantly at the 5% level of probability. * Significant at the 5 level of probability.
Also, differences were found between mean M-Index and mean m-Index for OE (0.772 ± 0.012 and 0.703 ± 0.04) and the respective TE texture, with the respective means of 0.736 ± 0.012 and 0.631 ± 0.04, while the respective R 2 values were not significantly different. However, when HG and OE/TE data were combined, HGE mean M-Indices were ranked as follows: SSO (0. Large differences were found for β1 and β2 of C:N on [nutrients] and their indices in response to OP or IB (Table 4 ). All β1 estimates were negative (p < 0.05), while β2 estimates for S1 and S2 were positive (p < 0.05) and those for OP, S3 and S4 were positive but not significant (p > 0.05). Summary statistics indicated that most β1 values (for [Ca, Fe, Mg, Mn, P, K, S and Zn]) differed from zero (t < 0.001); however, only the β2 value for Zn did not. Averaged over all IB groups, "Mean" and "Response" did not differ significantly from each other; however, those for S.D. (81.8 ± 122.6) and RMSE (55.6 ± 95.8) differed at p < 0.07. Similarly, on average, RMSE was negatively (−0.66; p < 0.05) correlated with β1; however, the large correlation for OP and S1 (−0.80; p < 0.05) dropped to −0.76 for S2, then to −0.67 for S3 (p < 0.05), and finally to −0.40 (p > 0.05) for S4.
Average R 2 (0.51 ± 0.26) differed (t < 0.05) from zero and from 1.0. All R 2 estimates for individual nutrients differed (t < 0.05) from zero, including the smallest (0.12 ± 0.06, for Cu); also, all R 2 estimates, except the largest (0.89 ± 0.04, for S), differed (t < 0. Only Mn had a larger affinity to the M-Index than to the m-Index. Single nutrients exhibited a wide range of associations (r = −0.367 to 0.944; p < 0.05) with other nutrients in different HGEs and generated five (X-axis) and six (Y-axis) clusters (p < 0.05) at the 40% linkage distance ( Figure 4B ). The smallest cluster (1; Y-axis) was characterized by negative associations between [K and Cu] with [C, N and S], while the largest (5) was comprised of 18 combinations of six nutrients and three HGEs. Most associations were positive; however, a few small negative ones were found with nutrients in the SST group (notably with K and Cu). On average, [Mg, P, Mn, S and Zn], as a group, were the most interactive (p < 0.05) with other nutrients. They differed (p < 0.05) from [C and Fe] which followed as a second group, [Ca and N] were intermediate, and [K and Cu] , were the least interactive. Means and probability distributions of r-estimates for each HGE ( Figure 4C ) suggested that NST (0.81) and NSO (0.78) means did not differ (p > 0.05), and were larger (p < 0.05) than SSO means (0.67), which differed (p < 0.05) from SST (0.57). The probability distributions, especially above the mean of each HGE, differed markedly between NS and SS HGs regardless of endosperm texture.
Individual macronutrients predicted FeZn-Indices with large probability (Q 2 Y; 0.50 to 0.95) at all levels of classification (Table 5 ). Measured and predicted FeZn-Indexes were similar in magnitude (r > 0.97; p < 0.0001); however, S.D. estimates were generally larger than their respective RMSE estimates. The centered and scaled PLSR coefficients suggested that most macronutrients [C, Ca, Mg, P and S] influenced the FeZn-Index positively, with a few exceptions (e.g., P in SS −0.29). Invariably, [K and N] had the largest negative coefficients for all sub-groups. Three macronutrients [P, C and S] in decreasing order, had the largest positive coefficients as compared to [Ca and Mg]. Variation (R 2 X) extracted by PLSR models from independent variables ranged from 0.65 (SS) to 0.92 (OP) and accounted for 0.50 (SS) to 0.94 (OP) of Q 2 Y in the FeZn-Index. However, 50% of Q 2 Y estimates were >0.90 and mostly were attributed to genotypic effects, while the remaining large estimates were associated with IB (except S3). Numerical differences between Q 2 Y estimates were observed between each SS (0.50) and NS (0.75), between OE (0.54) and TE (0.67) textures, and between SSO (0.50) and SST (0.54), on the one hand, and NSO (0.75) and NST (0.78), on the other. Differences between IB sub-groups were minimal, except for the smaller value (0.83) for S3. In addition, both S.D. and RMSE estimates decreased as the level of classification (i.e., sub-groups) moved from main groups (SS and NS) to genotypes. 
Modeling Nutrient-Color Space Association
Hierarchical two-way clustering provided selection criteria based on associations between L*a*b* and densities of 11 nutrients and their indices ( Figure 5A ), as well as L* (Figure 5B ), a* ( Figure 5C ), and b* (Figure 5D ). At the whole color space level, Figure 5A summarized 2190 observations, and at the 40% linkage distances, macro-and micronutrients and their respective indices (Y-axis) were separated into four clusters (p < 0.05), while seven clusters were formed by the color space coordinates (X-axis). The r-estimates between both sets of variables ranged from −0.321 to 0.258.
An overall "Index" was closely associated with M-Index; the FeZn-Index was closely associated with the m-Index, while K and Cu formed an intermediate cluster between macro-and micronutrients and displayed different patterns of associations when compared with most other nutrients. Large differences in r-estimates were found between a* (−0.32 to 0. Nutrients (and their indices) in combination with 59 L* coordinates formed five main and several minor clusters ( Figure 5B) reflecting the large variation in associations between nutrients and L*.
Nutrients and their indices formed three clusters (Y-axis); [C, N and S] formed the first, all cations and
Mn formed the second, and micronutrients formed the third cluster, at increasing linkage distances. Four L* clusters (X-axis) summarized 885 r-estimates and demarcated some unique combinations of macro-or micronutrients. L*1 ("L58-L21") separated macro-from micronutrients; L*2 captured negative associations with all nutrients; L*3 differed from the preceding one by having relatively positive correlations with micronutrients; and L*4 defined strong associations with macronutrients. However, two sub-clusters (4 and 5) can be identified within this cluster based on the association with macro-or micronutrients.
A small number of a* coordinates (37) in combinations with [nutrients] formed four major clusters and one minor one (X-axis; Figure 5C ), while [nutrients] and Indices formed three clusters (Y-axis) similar to those in Figure 5B . However, K clustered with micronutrients. a*1 separated C, N, and S from other nutrients, and a*2 featured relatively strong associations with C, N and S. However, no clear trend can be identified for association with other nutrients. a*3 showed strong negative correlations with most macronutrients (except a-3); a*4 had strong positive correlation of a small band (a1-a2) with most nutrients, except C and N; and a*5 had broad positive correlations with macronutrients, but mostly small (p > 0.05) correlations with micronutrients.
Nutrients (and their indices), in a 2-way clustering with the b* (yellow-blue) coordinates, formed four clusters ( Figure 5D ; Y-axis) similar in their general composition to those in Figure 5C ; however, Cu and K formed a separate cluster. Six main clusters were formed by b* (X-axis), while two small sub-clusters (b5-b7, and b2-b3) were separated from b*3 due to strong positive associations with most nutrients. b*1 had widespread positive associations, especially with P and associated cations; b*2 was dominated by negative and positive associations with macro-and micronutrients, respectively; b*3 largely showed non-significant to slightly positive associations with macronutrient (except b5-b7, and b2-b3); b*4 had strong negative associations with almost all nutrients (however, K and Cu were the exception); and b*5 was vertically stratified and had strong positive associations with C, S and N, followed by largely non-significant associations with most macronutrients, and negative associations with most micronutrients, but with strong negative associations with K and Cu. Figure 5D ; Y-axis) similar in their general composition to those in Figure 5C ; however, Cu and K formed a separate cluster. Six main clusters were formed by b* (X-axis), while two small sub-clusters (b5-b7, and b2-b3) were separated from b*3 due to strong positive associations with most nutrients. b*1 had widespread positive associations, especially with P and associated cations; b*2 was dominated by negative and positive associations with macro-and micronutrients, respectively; b*3 largely showed non-significant to slightly positive associations with macronutrient (except b5-b7, and b2-b3); b*4 had strong negative associations with almost all nutrients (however, K and Cu were the exception); and b*5 was vertically stratified and had strong positive associations with C, S and N, followed by largely non-significant associations with most macronutrients, and negative associations with most micronutrients, but with strong negative associations with K and Cu.
Comparisons between NS and SS, between OE and TE, and between genotypes within HGs suggested that L*a*b* accounted for a wide range of significant (p < 0.05) Q 2 Y values ( Table 6 ). The largest Q 2 Y estimates in NS were found for S (b*; 0.05) and Fe (b*; 0.07), and in SS they were found for K (L*; 0.13; and a*; 0.12), and Cu (a*; 0.11). The Q 2 Y estimates were generally <0.08 for OE/TE textures; the largest estimates for OE and TE were found for N (b*; 0.08) and Mn (b*; 0.05), respectively. Genotypes within NS exhibited small (e.g., LH82-AR16021) and large Q 2 Y estimates (GQ-N16-N12). However, some genotypes within SS displayed uniform Q 2 Y estimates across macro-and micronutrients (e.g., b* in LH119-AR16035), while others (e.g., DKXL370-S11) had very few and variable estimates (i.e., 0.12 and 0.05 for a* and b*, respectively). The Q 2 Y estimates for the M-Index ranged from small (0.05) to relatively large (0.29; L*) values, while the respective values for the m-Index were 0.05 and 0.32 (L*). The Q 2 Y estimates for the FeZn-Index were similar to those of one or both micronutrients, with exceptionally large values (e.g., DKXL370-N11a-N20 and GQ-N16-N12). Summary statistics indicated that L*a*b* combined explained 33.3 and 25.0% of Q 2 Y values in macroand micro-nutrients in NS, respectively; the respective values for SS were 72.0 and 67.0%. Similarly, they explained 17.0% and 8.0% of Q 2 Y in macro-and micro-nutrients in OE, and 28.0 and 33.0% in TE, respectively. The Q 2 Y estimates for genotypes within NS were significant in 31.0 and 28.0% in macro-and micro-nutrients, respectively, while the respective values for genotypes within SS were 35.0% and 40.0%. Moreover, L*, a*, and b*, accounted for variable Q 2 Y estimates for macro-and micro- Comparisons between NS and SS, between OE and TE, and between genotypes within HGs suggested that L*a*b* accounted for a wide range of significant (p < 0.05) Q 2 Y values ( Table 6 ). The largest Q 2 Y estimates in NS were found for S (b*; 0.05) and Fe (b*; 0.07), and in SS they were found for K (L*; 0.13; and a*; 0.12), and Cu (a*; 0.11). The Q 2 Y estimates were generally <0.08 for OE/TE textures; the largest estimates for OE and TE were found for N (b*; 0.08) and Mn (b*; 0.05), respectively. Genotypes within NS exhibited small (e.g., LH82-AR16021) and large Q 2 Y estimates (GQ-N16-N12). However, some genotypes within SS displayed uniform Q 2 Y estimates across macroand micro-nutrients (e.g., b* in LH119-AR16035), while others (e.g., DKXL370-S11) had very few and variable estimates (i.e., 0.12 and 0.05 for a* and b*, respectively). The Q 2 Y estimates for the M-Index ranged from small (0.05) to relatively large (0.29; L*) values, while the respective values for the m-Index were 0.05 and 0.32 (L*). The Q 2 Y estimates for the FeZn-Index were similar to those of one or both micronutrients, with exceptionally large values (e.g., DKXL370-N11a-N20 and GQ-N16-N12). Summary statistics indicated that L*a*b* combined explained 33.3 and 25.0% of Q 2 Y values in macroand micro-nutrients in NS, respectively; the respective values for SS were 72.0 and 67.0%. Similarly, they explained 17.0% and 8.0% of Q 2 Y in macro-and micro-nutrients in OE, and 28.0 and 33.0% in TE, respectively. The Q 2 Y estimates for genotypes within NS were significant in 31.0 and 28.0% in macroand micro-nutrients, respectively, while the respective values for genotypes within SS were 35.0% and 40.0%. Moreover, L*, a*, and b*, accounted for variable Q 2 Y estimates for macro-and micro-nutrients in NS genotypes (41.0% and 31.0%, respectively), and SS genotypes (29.0% and 25.0%, respectively).
The respective values for a* were 19.0% and 17.0% for NS genotypes, and 21.0% and 50.0% for SS genotypes, while those for b* were 54.0% and 25.0% for NS genotypes, and 50.0 and 50.0% for SS genotypes. Significant Q 2 Y estimates for the M-Index and m-Index were 44.0% and 41.0%, respectively, while 33.0% and 50.0% were the respective values for the FeZn-Index. Table 6 . Validation model variance (Q 2 Y) in partial least squares regression using color space (L*, a*, and b*) in predicting macro-and micronutrients in kernels of 1348 maize accessions classified into genotypes with opaque or translucent endosperm within stiff-stalk and non-stiff stalk heterotic groups from a breeding program for quality protein. Frequency distributions of R 2 values generated by PLSR models and explained by variation in L*a*b*, G × IB(E), and G(HGE) differed between and within factors ( Figure 6A ) and between nutrients and their indices ( Figure 6B ). On average, R 2 estimates ranged from zero to~50.0, however, with mostly negatively skewed probability distributions ( Figure 6A ). For all distributions, summary statistics indicated that correlations between L*a*b* and G(HGE) and G × IB(E) were positive (r = 0.66; and 0.59; p < 0.001), while those between the latter two were negative (r = −0.14; p < 0.05). In addition, differences between a* (21.6), b* (15.7) and L* (13.6) for R 2 -L*a*b*; between a* (14.6) and L* (8.8) and b* (8.6) for G(HGE); and between b* (7.8) and L* (6.57) and a* (6.92) for G × IB(E) were all significant. The same R 2 estimates for each nutrient and index ( Figure 6B ) averaged over macronutrients were 43.0, 35.7, and 12.4%, respectively, while the respective estimates for micronutrients were 51.7, 16.8, and 33.3%. Index values were close to those used in their estimation. Differences in variation (R 2 ) explained by each L*a*b factor were found for almost all nutrients and their indices ( Figure 6B ). Averaged over nutrients, *, G × IB(E), and G(HGE) explained 43.0, 35.7, and 12.4% of variation, respectively. The respective averages for micronutrients were 51.7, 16.8, and 33.5%. Some (but not all) averages were in line with R 2 estimates for the respective indices, while pair estimates for some nutrients (e.g., K/Cu; and Mg/Mn) across factors were similar.
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Frequency distributions of R 2 values generated by PLSR models and explained by variation in L*a*b*, G × IB(E), and G(HGE) differed between and within factors ( Figure 6A ) and between nutrients and their indices ( Figure 6B ). On average, R 2 estimates ranged from zero to ~50.0, however, with mostly negatively skewed probability distributions ( Figure 6A ). For all distributions, summary statistics indicated that correlations between L*a*b* and G(HGE) and G × IB(E) were positive (r = 0.66; and 0.59; p < 0.001), while those between the latter two were negative (r = −0.14; p < 0.05). In addition, differences between a* (21.6), b* (15.7) and L* (13.6) for R 2 -L*a*b*; between a* (14.6) and L* (8.8) and b* (8.6) for G(HGE); and between b* (7.8) and L* (6.57) and a* (6.92) for G × IB(E) were all significant. The same R 2 estimates for each nutrient and index ( Figure 6B ) averaged over macronutrients were 43.0, 35.7, and 12.4%, respectively, while the respective estimates for micronutrients were 51.7, 16.8, and 33.3%. Index values were close to those used in their estimation. Differences in variation (R 2 ) explained by each L*a*b factor were found for almost all nutrients and their indices ( Figure 6B ). Averaged over nutrients, *, G × IB(E), and G(HGE) explained 43.0, 35.7, and 12.4% of variation, respectively. The respective averages for micronutrients were 51.7, 16.8, and 33.5%. Some (but not all) averages were in line with R 2 estimates for the respective indices, while pair estimates for some nutrients (e.g., K/Cu; and Mg/Mn) across factors were similar. Figure 6 . Frequency distribution of total variation in nutrient density (A) explained by all three (L*a*b*) and individual color space coordinates, as well as variance in nutrient density partitioned among genotypes within endosperm types in response to inbreeding G × IB(E), and among genotypes within heterotic groups-endosperm groups G(HE), and the same statistics for each nutrient (B).
Discussion
Readily available and widely variable maize germplasm, as a model biological system with tremendous genetic diversity [32] , is a prerequisite to continue yield increases and to improve multiple quality traits for human food and animal feed. Earlier Jaradat and Goldstein [25, 26] identified sources of variation of single and multiple quality traits, determined the level of genetic diversity present in a large maize germplasm, and quantified phenotypic variation that may be useful for developing high-quality maize cultivars. Concerns are rising over the declining density of micronutrients, especially Fe and Zn, and some macronutrients (e.g., Ca and Mg) in grains of staple food and feed crops. As a paramount staple crop in the context of global nutrition [3] , larger maize Figure 6 . Frequency distribution of total variation in nutrient density (A) explained by all three (L*a*b*) and individual color space coordinates, as well as variance in nutrient density partitioned among genotypes within endosperm types in response to inbreeding G × IB(E), and among genotypes within heterotic groups-endosperm groups G(HE), and the same statistics for each nutrient (B).
Readily available and widely variable maize germplasm, as a model biological system with tremendous genetic diversity [32] , is a prerequisite to continue yield increases and to improve multiple quality traits for human food and animal feed. Earlier Jaradat and Goldstein [25, 26] identified sources of variation of single and multiple quality traits, determined the level of genetic diversity present in a large maize germplasm, and quantified phenotypic variation that may be useful for developing high-quality maize cultivars. Concerns are rising over the declining density of micronutrients, especially Fe and Zn, and some macronutrients (e.g., Ca and Mg) in grains of staple food and feed crops. As a paramount staple crop in the context of global nutrition [3] , larger maize grain yields and harvest indices may have contributed to its current low nutrient densities, especially of essential micronutrients. People in the Global South who mostly consume maize as a staple food are at risk of malnutrition due to insufficient densities to meet minimum daily requirements [33] .
The age-old agronomic enhancement of nutritional quality may have temporarily improved micronutrient densities in grains of staple crops [34] ; however, maize is physiologically weaker in Fe uptake from the soil than small grains [35] . Therefore, genetic biofortification could be a more durable solution for its micronutrient deficiencies [5] . Natural variation of Fe (8.0 to 62 mg kg −1 ) and Zn (12.0 to 58.0 mg kg −1 ) has been extensively reported as a prerequisite for genetic biofortification [36, 37] . However, a genetic approach may not always be adequate due to several interacting factors, including lack of readily available germplasm, unfavorable genetic, physiological, and chemical interactions within the ionome [38] , and negative relationships with grain yield [17, 20] . These perceived shortcomings of genetic biofortification recently led to promoting molecular breeding [38, 39] as a means of improving [nutrient] and bioavailability of micronutrients in maize and other grain crops.
Phenotypic Variation and Variance Components
A mature maize kernel summarizes the life history and genetic composition of the maize plant. Physical, biochemical, and nutrient traits of the maize kernel are critical factors affecting the early development and vigor of maize seedlings. These traits have been criteria for selecting varieties with higher food and feed nutritional quality [13, 40] . We constructed a comprehensive picture of diversity and interrelationships within and among most of the physical and biochemical constituents of the maize kernel. Earlier studies targeting macro-and micronutrients in maize identified sources of genetic variation [12] , densities of single and multiple nutrients [18] , relationships between target and non-target nutrients [41] , and potential for genetic enhancement of nutritional quality through breeding and selection [39, 40] . In its early phases of development [41] , biofortification breeding was focused on the most limiting nutrients in human diets such as Zn and Fe, without considering other nutrients such as Ca or Mg [42] .
Nevertheless, the development of multi-nutrient rich maize cultivars would help achieve nutritional security in a more holistic and sustainable way by reducing micronutrient malnutrition [39] , especially in the Global South [3] . Understanding the dynamics of the ionome plays an important role for this objective [19, 43] . We explored ionome dynamics by measuring and statistically analyzing multiple nutrients as indices (Table 2 ). Small vs. large ranges of r-estimates between nutrients are indicators of the level of variation in one or more nutrients [8, 44] . The ranges in Fe and Zn in maize kernels in this and other studies e.g., [45] were much smaller than those in small grains [46] and may hinder progress towards breeding maize with high nutrient densities [41] . Moreover, differences between the highest mean values for genotypes were 4.2× higher for Fe and 2.8× higher for Zn than the lowest mean values (Table 1 ). These differences are larger than the 20% differences reported for tropical maize cultivars [44] . This level of variation could be valuable if it is associated with a large genetic component and high heritability [41] . Genetic components may account for different portions of variation in kernel nutrients [42] . More variation in Fe (52.6%) was accounted for than in Zn (37.0%) in this study (Table 2) . Additionally, G(HG) accounted for almost equal portions of variation in both nutrients (33.9 and 31.1%, respectively). However, the inbreeding factor may have acted differently on these nutrients; IB(HG) accounted for more variation in Fe (15.2%) than in Zn (2.8). There were consistent relationships between starch and protein (r = −0.90; p < 0.001) and starch and oil (r = −0.25; p > 0.05) in all HGEs. However, and despite their variable effects on nutrient densities and indices (Table 2) , starch and protein, but not oil, clustered together in accordance with G(HG) differences (Figure 2 ). These relationships and cluster-affiliations may render selection of desirable trait combinations much easier; however, due to negative relationships, selection for some nutrient combinations (e.g., Cu and K with N or S; Figure 4 ) may be more difficult to achieve [17] .
Kernel Physical Traits and Nutrient Dynamics
Unlike small grains, where variation in [nutrient] density was not closely associated with grain shape [47] , most physical attributes of the maize kernel had reasonably significant effects on densities of most nutrients ( Figure 2 ; Table 2 ). Evidence of K-weight dilution effect on nutrient densities (e.g., Fe and Zn) has not been shown to be conclusive [48] . On the other hand, understanding relationships between kernel weight and nutrient associations (e.g., P > Mg > Mn > Cu > Ca > Fe) was found to be crucial for breeding maize cultivars with larger nutrient densities [41, 49] . Other kernel physical attributes (K-volume and K-density), depending on the genetic background, may enhance or diminish kernel sink capacity [48] . In this study there were variable loadings of K-weight for discriminating between nutrients within HGEs, and variable magnitudes of its association with m-Index in different HGEs. Kernel weight had negative and smaller effects on most nutrients than biochemical constituents, as indicated by the magnitude of linear regression and determination coefficients (Table 2) ; however, it exerted larger effects (R 2 = 0.42) on the M-Index and m-Index than K-density (0.26) or K-volume (0.20) (Figure 2 ), and as a covariate, it expressed positive and negative, albeit small effects on single nutrient densities and their indices ( Table 2 ).On the other hand, K-moisture had larger positive effects on most nutrients (Figures 1 and 2) . However, as a covariate (Table 2) , K-moisture contributed to a downward adjustment of most nutrient densities. Moisture-dependent physical attributes of the maize kernel (e.g., K-volume, K-density and K-weight) are non-linearly related to its moisture content [43] . Therefore, directly, and indirectly through physical attributes, K-moisture influenced [nutrient] density as indicated by the R 2 estimates (Figure 2 ).
Summary statistics indicated a strong correlation between K-moisture and K-volume in all HGEs (r = 0.60 to 0.70; p < 0.05), and between K-moisture and K-density (r = 0.30; p < 0.05) in SST. Variable effects of physical attributes are confirmed by the positive and negative loadings of these traits on the first and second discriminant roots, respectively (Figure 1) , and by the magnitude of their linear and quadratic regression coefficients (Table 2) . Similar effects were validated irrespective of how the nutrient is accumulated in the endosperm, embryo, or seed coat [2] . Although the direct and indirect effects of the physical attributes of the maize kernel on [nutrients] are smaller in magnitude than biochemical traits (Table 2 ; Figure 2 ), they need to be taken into consideration as confounding factors in ionome phenotyping.
Biochemical Constituents and Nutrient Dynamics
Biochemical constituents had larger R 2 estimates than physical attributes (Table 2) , and therefore, had stronger positive relationships with M-Index and m-Index; however, the magnitude of these relationships depended on genetic factors (i.e., HG, E, and G). The R 2 values for protein, amino acids, and starch (>0.96) were logically larger than for oil (0.38), presumably due to their larger genetic components [26] . Others have found that densities of some nutrients (e.g., Mg, S, Fe and Zn) are correlated with grain protein content (GPC) [15] . Some of these nutrients showed strong bivariate relationships (S, as well as Fe and Zn; Figure 4B) ; this is probably due to the synergistic effect of N [50, 51] . This association may help stabilize these nutrients in the maize kernel [42] , and may provide a rapid and efficient selection method for a micronutrient (e.g., Zn) when selecting for a macronutrient (e.g., Mg). Unique differences have been found between K, in association with Cu, and other macronutrients (e.g., Figure 5A ). Three macronutrients [N, S and P], are constituents of important primary and secondary organic compounds. K is not assimilated into organic matter but functions as a co-factor for enzymatic reactions and counter-ion for metabolite transport [51] . Though K either acts alone or, under specific conditions in combination with Na, its density was affected negatively by starch and positively by oil and protein concentrations. Transport of Cu (and Zn) to kernels depends on K. Hence, there exists a close association between the magnitude of the densities of K, Cu, and Zn and the large portions of their variances accounted for by biochemicals (Table 2; Figure 6B ).
Single and Multiple Nutrient Associations
Nutrient density are reflections of a dynamic network of interactions, signifying unique functions and bivariate or multivariate synergistic or antagonistic relationships [8, 17] . That nutrients do not behave independently can be gleaned from their joint clustering and associations with one or more nutrient indices (Figures 3 and 4) . On the other hand, for any nutrient, patterns of accumulation are inconsistent for a correlation between nutrients within kernels [19] . Therefore, we employed a wide range of in-depth multivariate statistical analyses procedures on single, bivariate (e.g., Fe and Zn) and multiple combinations (M-Index and m-Index) of nutrients for the phenotypes of interest. Nutrients differed in the intensity of their relationships [52] . However, our results indicated that divalent cations were the most interactive, while K and Cu, contrary to other findings [46] , were the least interactive. This may be interpreted as evidence of no common genetic control of such nutrients [47] . However, several genetic, physiological, and (bio)chemical factors within the complex kernel composition may influence these relationships [53] .
Densities of different nutrients varied in their level of plasticity. This was shown by C.V. values (Table 1) , Q 2 Y values in PLSR models (Tables 3 and 4) , the level of dependence on physical traits and biochemical constituents of the maize kernel as quantified by loadings on discriminant roots (Figure 1) , and more precisely by density variance estimates attributed to these traits and constituents (Figure 2 ). This plasticity is usually held under tight genotypic control [19] as indicated by the small percent of significant pairwise differences in nutrient densities between genotypes (Table 1 ). These differences were slightly larger (32.3%) for macronutrients than micronutrients (23.0%). The strong effects of genotype on single and multiple nutrient densities, especially Fe and Zn, suggest high potential for biofortification [33] . However, these genotype effects were mediated by effects of heterotic groups, and to some extent, by endosperm texture. In comparison with factors in the mixed model (Table 2) , the large genotypic variances (R 2 ) for single and multiple nutrients were also confirmed as indicators of ample genetic variance available in the germplasm. Genotypic variances were 3.6-fold to 15.0-fold larger than HG effects on the M-Index and FeZn-Index, respectively.
Modeling C:N, Nutrients and Indices
Summary statistics indicated that the germplasm exhibited a wide range of C:N ratios (17.7 to 48.8) and 40% of these ratios were above the mean of 25.0 (C.V. = 17.6%). Larger variance (29.8%; z < 0.03) was attributed to how genotypes within HGs responded to inbreeding (i.e., G × IB(HGs), rather than variance caused by differences between endosperm types within genotypes (2.9%; z = 0.07). These results corroborated differences between HGs, but not between endosperm types. Mean C:N ratios for HGEs were numerically close, but differed (p < 0.05) between the SSO (27.75) and NSO (24. Gold with OE and TE textures, but an NS background, had the smallest and comparable C:N ratios (17.7 and 19.0, respectively), while AR16021-B73 with OE or TE and SS backgrounds had the largest C:N ratios (48.8 and 46.0, respectively). In spite of differences in C:N ratios between genotypes, and in reference to variation accounted for by G × IB(GH); C:N had no significant effects on M-Index; while both the m-Index and FeZn-Index for AR16021-B73 were less impacted by its larger C:N ratio than Nokomis Gold (Figure 3 ). These differences can be partially explained by IB stage, where 50% of germplasm in AR16021-B73 was advanced to S4, while 55% of germplasm in Nokomis Gold was advanced to S3 only.
As a covariate, C:N effects on single nutrients and their indices (Table 2) can be understood on the basis of interrelationships between C and N with other nutrients. Most of the significant effects of C:N were negative, except for K (0.0) and Cu (1.8%). Potassium is not incorporated into organic compounds [45] , while the positive effect on Cu was negligible. However, as indicated by the positive quadratic regression coefficients, most negative effects diminished after C:N reached a nutrient-specific threshold. For example, C:N thresholds for Fe (27.5) and S (35.0) paralleled the respective variation (14.4 and 85.1%) accounted for by C:N ratios. Differences in C and N allocation and the ensuing C:N ratio among HGs explained more variation in all nutrient indices than respective differences in C and N allocation among E types, while less variation was explained in germplasm subjected to sequential inbreeding (S1 to S4) compared to OP germplasm (Table 4 ). Very few negative (p < 0.05) or non-significant correlations were found. These were mainly in genotypes within the SS heterotic group (e.g., between Cu and K, and each of C and N) (Figure 4 ). The preponderance of univariate relationships was confirmed, though indirectly, by the small variance (R 2 ) in both nutrients explained by C:N variation (Table 3) . These results suggest that selection for target [nutrients] may not reduce densities of other nutrients [39] .
Modeling Color Space, Nutrients and Indices
Natural variation in seed color was associated with seed composition in a wide range of crops [4, 22] . Color was used as a visual [41] and analytical [18, 32] selection criterion for improving nutritional quality. Most commonly consumed maize is white-or yellow-colored. However, other colors with varying intensities and combinations (e.g., blue, green, orange, purple and red) are found in maize landraces and OPVs (Open Pollinated Varieties) [4, 54] . In an earlier study, Jaradat and Goldstein [25] documented large HG-and EO/ET-specific associations between the contents of protein and essential amino acids with several nutrients (e.g., Fe, K, P, S and Zn). Modern maize cultivars, unlike the more colorful (Native American) landraces and OPVs [4] , show little variation for kernel color [55] . Historically, the loss of kernel color can be attributed to a combination of natural and artificial selection. However, increased interest in and demand for colored maize has recently prompted research into the genetics, biochemistry and physiology of color formation and its association with nutritional quality.
Contradictory results have been reported on the association between kernel coloration and micronutrient densities, such as Fe, Mn, and Zn [22, 45] . Recent reports indicated that large Zn density was associated with orange endosperm and small Fe density with yellow endosperm. It was also suggested that Zn and Fe densities in yellow or purple maize kernels has been reduced due to QPM (Quality Protein Maize) conversion [23, 51] . Color space coordinates of most accessions in the current study ranged from L* 2 to 60, a* −6 to 30, and b* 1 to 50. These values are typical of yellow (dent) maize [55] . However, there were several exceptions, especially in a genotype (GQ-N16-N12) characterized by intensely bright orange-colored kernels (Figure 2 ). The color spectrum of kernels in this genotype had a narrow range of L* (80-83), a* (−2 to −3), and b* (9 to 11). Large values of L* contributed more than b* to discrimination between HGEs (Figure 1 ) and were reported to be strongly associated with larger Fe, Mn, and Zn densities in beans (Phaseolus vulgaris L.) [22] and Native American maize landraces [4] . The L* color space was associated with one or more large [nutrients] ( Figure 5B), and in at least one genotype (GQ-N16-N12) it accounted for 50-60% of variation (R 2 ) in its M-Index and m-Index (Figure 2 ). Although differences in FeZn-Index due endosperm texture were significant (p < 0.05); the magnitude of these differences depended, to some extent, on the genetic background (e.g., HG) in addition to endosperm texture. Larger differences in FeZn-Indices found between the SSO and SST (0.76 vs. 0.66) than those between the NSO and NST (0.66 vs. 0.61) can be attributed to HG effect ( Figure 3C ). Nevertheless, the joint variation of kernel color and nutrient densities may provide a practical and inexpensive initial selection step for certain nutrients in diverse germplasm. The underlying genetic variation in nutrient densities and association in relation to kernel color [22] was evident and significant in our study, but not for all nutrients (Figure 6 ). Despite the narrow color spectrum in this germplasm in comparison with Native American or landrace maize [4] , joint patterns of color and nutrient density variation were evident at the genotypic level, and were mostly associated with endosperm texture ( Figure 6B ). Frequency distribution of R 2 , especially >0.30 ( Figure 6A ), in conjunction with clusters identified in Figure 5 , offer an opportunity to classify and select genotypes with specific color patterns and their associated large nutrient densities.
Conclusions
There is ample genetic potential in 1348 accessions of 13 maize genotypes with diverse genetic background for simultaneous improvement of essential micronutrients and macronutrients without compromising densities of other nutrients. Genotype-, heterotic group-, and endosperm-specific nutrient associations were documented as well as data and interpretation of how densities of individual nutrients and groups of nutrients were affected by physical and biochemical constituents of the maize kernel. Starch and protein content had respectively large negative or positive effects on ion densities and this was generally reflected in relationships with C:N ratios. Parallel variation of specific kernel color descriptors and nutrient densities found in this germplasm may provide a practical and inexpensive initial selection step for certain nutrients. Due to correlative patterns, selection for densities of micronutrients is likely to increase rather than decrease densities of other micronutrients. The breeding stocks in this study could be part of a durable solution for increasing micronutrient densities in maize. The breeding lines in this study harbor tremendous genetic diversity for a wide range of nutritional traits. Target densities of macro-and micronutrients to meet minimum human nutritional requirements are readily available. Target nutritional densities of Fe (60 mg kg −1 ) and Zn (38 mg kg −1 ) may be achievable through focused breeding that utilizes genetic variation, such as that found in this study.
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